Soil pH is an important determinant of microbial community composition and diversity, yet few studies have characterized the specific effects of pH on individual bacterial taxa within bacterial communities, both abundant and rare. We collected composite soil samples over 2 years from an experimentally maintained pH gradient ranging from 4.5 to 7.5 from the Craibstone Experimental Farm (Craibstone, Scotland). Extracted nucleic acids were characterized by bacterial and group-specific denaturing gradient gel electrophoresis and next-generation sequencing of bacterial 16S rRNA genes. Both methods demonstrated comparable and reproducible shifts within higher taxonomic bacterial groups (e.g. Acidobacteria, Alphaproteobacteria, Verrucomicrobia, and Gammaproteobacteria) across the pH gradient. In addition, we used non-negative matrix factorization (NMF) for the first time on 16S rRNA gene data to identify positively interacting (i.e. co-occurring) operational taxonomic unit (OTU) clusters (i.e. 'components'), with abundances that correlated strongly with pH, and sample year to a lesser extent. All OTUs identified by NMF were visualized within principle coordinate analyses of UNIFRAC distances and subjected to taxonomic network analysis (SSUnique), which plotted OTU abundance and similarity against established taxonomies. Most pH-dependent OTUs identified here would not have been identified by previous methodologies for microbial community profiling and were unrelated to known lineages.
Introduction
Soil microbial communities are important contributors to biogeochemical processes and are characterized by high taxonomic and metabolic diversity (Prosser et al., 2007) . Despite their global importance, a lack of empirical knowledge remains regarding the factors that affect soil microbial community composition. Several factors are known to influence soil microbial diversity, including salinity (Lozupone & Knight, 2007) , metal contamination (Gans et al., 2005) , resource availability (Langenheder & Prosser, 2008) , depth, and water availability (Zhou et al., 2002; Eilers et al., 2012) . Importantly, soil pH represents the strongest known predictor of microbial community composition and diversity in surface soils, with an R 2 value of 0.70 when phylotype diversity and pH were examined (Fierer & Jackson, 2006) . Single-gene sequence data sets generated by pyrosequencing demonstrated a positive correlation between soil alkalinity (measured by pH) and diversity at a continental scale (below c. pH 8; Lauber et al., 2009) , in Arctic tundra (Chu et al., 2010) , and across an experimental pH gradient within a single soil type (Rousk et al., 2010) .
The experimental plot results demonstrated that although bacterial and fungal abundance responded variably to soil pH, both bacterial and fungal diversity increased with increasing pH (Rousk et al., 2010) . This study also reported changes in the relative abundance of subgroups within the Acidobacteria, an increase in Bacteroidetes, Nitrospira, Alphaproteobacteria, Betaproteobacteria, Gammaproteobacteria, and Deltaproteobacteria across the pH gradient. Variable responses to soil pH were also observed by Jones et al. (2009) , demonstrating that although acidobacterial taxonomic diversity did not correlate significantly with pH, the relative abundance of operational taxonomic units (OTUs) associated with specific acidobacterial subgroups increased or decreased with decreasing soil pH. For example, acidobacterial subgroups 4 (r = 0.91), 6 (r = 0.76), 16 (r = 0.74), and 17 correlated positively with pH (with r values ranging from 0.74 to 0.91), whereas subgroups 1, 2, and 3 correlated negatively with soil pH (with r values ranging from À0.40 to À0.89).
Given the importance of microorganisms to soil fertility and biogeochemical cycling and the paucity of studies that have investigated soil pH and community composition, more work is required to identify soil bacterial taxa with abundances that correlate with pH, especially with data sets scaled to capture a large proportion of soil microbial community complexity. To do this, we used large 16S rRNA gene data sets generated by Illumina sequencing technology to examine composite soil samples from pH-gradient plots using multiple beta-diversity methods, including UNIFRAC-based principle coordinate analysis (PCoA) and non-negative matrix factorization (NMF; Jiang et al., 2012a) . Although UNIFRAC is a commonly used metric for measuring b-diversity (Lozupone & Knight, 2005) , NMF has not been used for 16S rRNA gene data analysis prior to our study. NMF is useful in this context as a data representation tool, whereby highdimensionality data are converted to a few principle dimensions. After factorization, patterns of co-occurring OTUs can be described by a smaller number of taxonomic components. Each sample is represented by a collection of these component taxa, which help to display the relationship between taxa and the environment. Because the value of NMF for resolving patterns in metagenomic data sets was demonstrated only recently (Jiang et al., 2012a, b) , we compared the results obtained from NMF to those from more common methods of 16S rRNA gene data reduction such as weighted and unweighted UNIFRAC. To verify the patterns observed in next-generation sequence data, we complemented this soil study with group-specific denaturing gradient gel electrophoresis (DGGE). Both sequencing and fingerprinting techniques demonstrated pH-dependent patterns within specific bacterial groups, both abundant and rare.
Materials and methods

Soil sampling and DNA extraction
Craibstone Experimental Farm soil samples were collected from a defined agricultural soil pH gradient in Craibstone, Scotland (Scottish Agricultural Cottage; grid reference NJ872104; podzol, sandy loam), where individual continuous plots have been maintained with seven discrete pH values (pH 4.5, 5.0, 5.5, 6.0, 6.5, 7.0, and 7.5) for over 50 years by the yearly addition of Al 2 (SO 4 ) 3 or Ca(OH) 2 (lime), with all plots under the same 8-year crop rotation. Triplicate surface soil samples (top 10 cm) were collected randomly from one soil gradient on two separate occasions (in late summer 2006 and September 11, 2007) , and both were under potato crop each year. Replicate soil samples were sieved (3.25-mm) prior to storage at À80°C. Soil chemistry and DNA extraction were conducted as described previously (Nicol et al., 2008) .
Composite DNA samples were prepared by combining DNA extracts from each set of triplicate plot samples for each year (i.e. 7 pH subplots for each of 2006 and 2007, representing 14 composite DNA samples total). The composite DNA samples were used as template for Illumina sequencing with indexed primers, in addition to serving as template for DGGE fingerprinting as described above.
PCR-DGGE
Group-specific DGGE was conducted on all samples with primer sets and reaction conditions of M€ uhling et al. (2008) , with the exception of the primer sets used for Acidobacteria (Barns et al., 1999) , Verrucomicrobia (Stevenson et al., 2004) , and Actinobacteria (Stach et al., 2003) , where the PCR was conducted according to methods in the corresponding publications. Gels consisted of 8% acrylamide and bis-acrylamide (37.5 : 1), with a denaturing gradient from 40% to 60% (100% denaturant contains 7 M urea and 40% formamide). Equal amounts of PCR product, measured to the ng, were loaded into each well, and gels were run at 85 V for 14 h. An inhouse ladder was run on each gel, helping with profile normalization. After poststaining with SYBR Green I, gels were imaged on either a Typhoon 9400 Variable Mode Imager (GE Healthcare, Waukesha, WI) or a Pharos FX Imager (Bio-Rad, Hercules, CA). Gelcompar II (Applied Maths, Austin, TX) was used to normalize gels and generate dendrograms based on Pearson's correlations of densitometric curves and clustered using unweighted pair group method with arithmetic mean for the groupspecific DGGE gel fingerprints.
qPCR Bacterial 16S rRNA gene abundance was assessed for each composite soil sample using the primer set 341f and 518r (Muyzer et al., 1993) . Quantitative PCR was run on a CFX96 (Bio-Rad). Each PCR mixture contained 6 lL of iQ SYBR Green Supermix (Bio-Rad), 0.4 lM of both forward and reverse primers, 5 lg of bovine serum albumin, and c. 0.5 ng of DNA template. Standard DNA was generated using extracted and quantified soil DNA and was amplified using the primers 27f and 1492r (Lane, 1991) . A serial dilution of standard was added as template to the qPCR to generate a standard curve. PCR conditions used were 95°C for 10 min, followed by 95°C for 30 s, 55°C for 30 s, and an elongation step at 72°C for 30 s, which was repeated 40 times. Each elongation was concluded with a fluorescent plate read. The coefficient of determination of the standard curve was 0.99, and the efficiency was 85%.
Sequencing
Illumina-based PCR amplification and cycle conditions were the same as those detailed in Bartram et al. (2011) . Briefly, 10 ng of DNA from each composite sample was added to triplicate PCR amplifications, 20 cycles for each sample, and the products of these replicate reactions were size-selected on an agarose gel, purified, and pooled to generate composite amplicon templates. Pooled amplicon templates were analyzed for concentration and size by agarose gel electrophoresis, absorbance (NanoDrop; Thermo Scientific), and microfluidics (Bioanalyzer; Agilent). Paired-end sequencing (2 9 125 bases; 6-base index read) was performed on a Genome Analyzer IIx (Illumina) with version 4.0 sequencing reagents.
Bioinformatic analysis
The CASAVA pipeline (version 1.6) was used for base calling and error estimation of sequence reads. Following this initial quality-control step, primer-free c. 150 base pairedend reads were assembled as in Bartram et al. (2011) , using a prototype version of PANDASEQ (Masella et al., 2012) . Briefly, sequences with ambiguous bases or mismatches in the overlap region (12-base minimum overlap) were removed, in addition to removing sequence regions corresponding to PCR primers. Following assembly, sequences containing fewer than 75 bases were excluded. Using the QIIME software package (Caporaso et al., 2010b) , managed by AXIOME (Lynch et al., 2013) , taxonomy was assigned to each sequence using the na€ ıve Bayesian classifier of the Ribosomal Database Project (RDP-II) (Wang et al., 2007) with an assignment cutoff of 0.5, which had been shown previously to be appropriate for short sequence reads (Claesson et al., 2009) . Following this, sequences were aligned (PYNAST; Caporaso et al., 2010a) , and a phylogeny was constructed. Of the 2 033 920 sequences that were reduced to 23 088 clusters, 1080 OTUs (equaling 7828 or 0.38% of sequences) were not aligned. A PCoA ordination was plotted using both weighted and unweighted UNIFRAC distances (Lozupone & Knight, 2005; Lozupone et al., 2010) . The NMF analysis was conducted according to the methods of Jiang and coworkers (Jiang et al., 2012a) , using rarefied OTU profiles (clustered at 97% identity). NMF is sometimes used for clustering, but here we use it for dimensional reduction. The NMF factorization of OTU profile can be thought of as an empirical attempt to describe observed OTU patterns according to a small number of taxonomic 'components.' The observed OTU distribution for each sample is represented by a weighted sum of component abundance distributions. Similarities between OTU abundance distributions and NMF component profiles were calculated as described previously (Jiang et al., 2012b) . All NMF analysis were conducted on a 'typical' desktop computer, and the R code for this analysis is available here: http://lalashan.mcmaster.ca/theobio/soil_metagenomics/ index.php/Ph_nmf
Based on the concordance analysis, we chose to examine component taxa associated with rank 3 and rank 5 decompositions. Taxonomy for representative component taxa was visualized using SSUnique (Lynch et al., 2012) . Briefly, nodes corresponding to representative taxa were connected edgewise to a central (square) node defining RDP-assigned taxonomy (confidence of > 0.5), visualizing taxonomic consistency within the data, that is, unconnected OTU nodes were not assigned to established taxonomies at the confidence threshold. All source is available from ML. Sequence data were deposited in the Sequence Read Archive (SRA; NCBI) with the accession number SRP007517.
Results
A total of 14 composite soil samples (i.e. 7 samples from each of 2 years) from the Craibstone Experimental Farm plots were characterized by measuring soil chemistry, gel fingerprinting, and sequencing of the bacterial 16S rRNA gene V3 region. Soil chemistry demonstrated that the defined pH values for each plot were similar to the measured pH values for those same plots in both 2006 and 2007 (Table 1) . Although no observable pH-dependent or year-dependent trends were visible for organic carbon and moisture content, we observed yearly differences in ammonia and nitrate concentrations in the subplots even though N : P : K fertilizer was applied consistently each year to the potato plots at a rate of 100:150:120 kg ha
À1
. Overall, bacterial 16S rRNA gene relative abundance increased with increasing pH (r = 0.817; Table 1); this trend was observed for both 2006 and 2007. Sequence data were used in conjunction with DGGE to characterize bacterial composition and diversity present in composite soil samples ranging from pH 4.5 to 7.5. DGGE also provided initial justification for sequencing composites from replicate soil samples because replicate soil DNA extracts generated nearly identical fingerprints for each plot and time point (Supporting Information, Fig. S1 ). Final assembly of 7 536 750 paired-end Illumina sequences contributed 146 087-888 148 assembled c. 150-base contigs per sample. Alpha diversity was measured for each sample from a rarefied data set of 146 087 sequences from each sample. As expected, Chao1, Shannon diversity, and the number of observed species were highest in samples of high pH (r values of 0.686, 0.764 and 0.750 respectively; Table 1 ). Good's coverage (Good, 1953) ranged from 0.981 to 0.992 and, in general, decreased with increasing pH (Table 1) , reflecting higher diversity with increasing pH.
Community composition
Bacterial and group-specific DGGE was used to assess bacterial composition associated with composite soil samples from each defined pH plot (Fig. 1) . General bacterial DGGE patterns revealed complex communities, with only a subtle pH-dependent shift in band diversity and composition (Fig. 1a) . On the other hand, DGGE fingerprints for several individual bacterial phyla and subdivisions demonstrated pronounced shifts in community fingerprints across the pH gradient ( Fig. 1b-h ). Based on Pearson correlations of densitometric curves, fingerprints from all targeted groups clustered according to pH, with low-pH soil fingerprints clustering separately from highpH soil fingerprints. Acidobacteria, Verrucomicrobia, and Gammaproteobacteria exhibited the most pronounced changes, with unique DGGE patterns associated with composite soil samples from pH 4.5 and 5.0 plots. Fingerprints for Firmicutes, Actinobacteria, Alphaproteobacteria, and Betaproteobacteria also showed pattern changes across the gradient, but to a lesser extent. All of the observed trends were consistent for both 2007 ( In general, taxonomic affiliations of the Illumina sequence data corroborated these initial DGGE observations ( Fig. 1, Fig. S2 ). Importantly, the shift in acidobacterial community composition was greatest for both sequence data and Pearson correlations of densitometric curves of the corresponding DGGE fingerprints. Although plotted, phylogenetic representation of sequence data at the phylum level revealed no clear associations with pH (e.g. acidobacterial groups were associated with both low and high pH; Fig. 1 ), the relative abundance of Acidobacteria subgroups 1, 2, and 3 increased at low pH, concomitant with a proportional decrease in the representation of subgroups 4, 6, 14, and 16. Trends were consistent for plotted ordinal taxonomic affiliations of the Illumina-generated sequences for 2007 ( 
Beta diversity
Both PCoA and NMF were used to characterize the response of soil bacterial communities to pH, in addition to secondary soil characteristics that differed over the 2-year period and between plots (e.g. ammonia and nitrate; Table 1 ). The UNIFRAC distance metric was used to measure between-sample phylogenetic distances for preparing PCoA ordination plots. The unweighted and weighted UNIFRAC PCoA plots for all 2006 and 2007 composite samples clustered by pH ( Fig. S3a and b , respectively), with the Linking soil pH and bacterial community composition unweighted plot exhibiting tighter clustering for samples of similar pH (i.e. samples are closer together on axis 2). Unweighted UNIFRAC-based PCoA plots were prepared with taxonomic biplot overlays for phylum, class, and genus levels (Fig. 2) . The position of each taxon 'bubble' indicates that particular taxon's relative importance in contributing to the sample's position in the plot. Many of the same trends observed in the DGGE and taxonomic affiliations plots ( Fig. 1) were confirmed by the biplots. For example, Acidobacteria subgroups 1, 2, and 3 are proximal to the low-pH samples; subgroups 4, 6, and 16 cluster with the high-pH samples (Fig. 2c) . PCoA is based on unweighted UNIFRAC distances; biplot overlays demonstrate taxa that contributed to sample differentiation at the phylum (a), class (b), and genus levels (c), and their relative size corresponds to number of summarized taxa belonging to that group. Percent of data variability explained by each axis is indicated.
We complemented PCoA plots of UNIFRAC distances with NMF analysis, which is a multivariate method for identifying 16S rRNA gene b-diversity patterns and retrieving co-occurring positively interacting components of complex datasets.
A rarefied OTU table (i.e. sequences were selected pseudorandomly from each sample down to the size of the smallest sample library) was used as input for the factorization process, with 146 087 sequences per sample. Based on the NMF concordance method, ranks 2, 3, and 5 decompositions showed strong local peaks (Fig. 3a) . Ranks 3 and 5 were selected for further analysis. Correlations of NMF-based sample similarity matrices and chemical parameters were also plotted, indicating that component OTUs representing the rank-3 decomposition were strongly associated with pH (Fig. 3b, Fig. S4 ). Strong clustering based on soil pH was also evident when representative OTUs associated with the rank-3 NMF decomposition were superimposed on UNIFRAC-based PCoA plots (Fig. S3c) .
The OTU clusters associated with a rank-5 NMF decomposition were correlated with high pH (clusters 2 and 3), low pH (clusters 4 and 5), medium pH (cluster 1), year, and also with nitrogen concentration (Fig. 3c) . Note that nitrogen concentrations differed between 2006 and 2007 (Table 1) , which may explain the observed association of both nitrogen and sampling year with bacterial community composition. The sample similarity matrices, discussed previously (Figs 3b and c) , were also used to create a heat map containing representative component taxa (non-negative correlating taxa) related to the samples (Fig. 3d and e) . Representative OTUs from the rank-5 NMF decomposition were visualized as a biplot overlay on the UNIFRAC-based PCoA plots (Fig. S3d) , with the rank-5 taxa showing vertical spread, likely due to the influence of the sample year.
At the family level, for the rank-3 cluster taxonomic affiliations (Fig. S4) , unclassified sequences comprised a higher proportion of the low-pH cluster (41.5%) compared with the intermediate (24.8%) and high-pH clusters (36.0%). Other phyla, such as Verrucomicrobia, increased in relative abundance in the medium-pH cluster. Acidobacteria increased in the high-pH cluster, and Actinobacteria were a higher proportion of the low-pH cluster ( Representative component taxa Linking soil pH and bacterial community composition S4a). For many groups, shifts in taxonomic composition were more pronounced above order (Fig. S4) , and consistencies were observed between taxa present in NMF and those in the PCoA biplots. For example, Acidobacteria Gp 4, 6, and 16 were associated with medium-to high-pH clusters, and Gp 1, 2, and 3 were associated with low-pH clusters, shown by both NMF and PCoA biplots (Fig. 2c,  Fig. S4 , Table S1 ). When other taxonomic groups were considered, several taxa were only observed within a particular NMF cluster. This includes the genera Burkholderia and Paucibacter (Betaproteobacteria), which were found within the NMF rank-3 low-pH cluster only, and Leptothrix only being found in the medium-pH cluster. Sequences classified within the genera Nitrosospira, Denitratisoma, Paucimonas, Herbaspirillum, Tepidimonas, and Polaromonas (Betaproteobacteria) were associated with the high-pH cluster. Within the Alphaproteobacteria, the genus Phenylobacterium corresponded to the low-pH cluster, while the genera Devosia, Roseomonas, Labrys, Methylosinus, Fulvimarina, Filomicrobium, Rhodobacter, Hyphomicrobium, Bartonella, and Mesorhizobium were associated solely within the high-pH cluster (Table S1 ). Within Gammaproteobacteria, the genera Dyella and Rhodanobacter (both classified to the Xanthomonadaceae family) were only found within the low-pH NMF rank-3 decomposition and were located toward the low-pH samples within PCoA biplots (Fig. 2c and Table S1 ). Conversely, within the same family, Lysobacter was observed within the high and medium-pH clusters only and was proximal to the high-pH sample on the PCoA biplot ( Fig. 2c and Table S1 ).
To visualize both the relative abundance and taxonomic affiliations of the pH-dependent representative taxa identified by NMF, a network diagram was prepared with nodes representing rank-3 OTUs and edges representing familial identities to the closest representative sequence in the RDP-II database (Fig. 4) . In addition to summarizing the taxonomic affiliations of the NMF rank-3 representative taxa, the size of the nodes represents the abundance of each OTU in each rarefied sample data set. The number of OTUs in each rank-3 NMF decomposition varied, with the medium-pH cluster containing the fewest OTUs and sequences (137 and 35 375, respectively). The high-pH cluster contained the most OTUs and sequences (551 and 279 176 respectively), and the low-pH cluster contained 144 OTUs represented by 238 559 sequences. For the low-pH NMF component taxa, a total of 129 OTU nodes (representing 139 674 sequences) were connected (classified to the familial), yet 144 OTUs (representing 98 885 sequences) were represented by unconnected nodes. The medium-pH cluster contained 86 connected OTUs (26 615 sequences) and 51 unconnected OTUs (8760 sequences). The high-pH cluster was the largest, with 305 connected OTUs (178 207 sequences) and 246 unconnected OTUs (100 969 sequences). The low-pH cluster contained the highest proportion of unconnected OTU nodes at 52%, compared with the medium and high clusters with 37% and 45% unconnected nodes, respectively. For the lowpH cluster, this translates to 41% of the total sequence reads that were unconnected, because unclassified OTUs were predominantly associated with low-abundance taxa.
Discussion
Our research adds to recent literature demonstrating the important influence of pH on soil diversity and bacterial community composition. In addition to complementing previous research, our study adds novelty in four ways: (1) this is one of only two studies of pH influences on bacterial diversity associated with experimental agricultural plots; (2) we generated sequence data sets that are orders of magnitude larger than all previous studies combined; (3) we introduce novel multivariate and taxonomic analyses (i.e. NMF, SSUnique) to expand our knowledge of pH-based effects on soil microbial communities; and (4) we show that inexpensive fingerprinting methods show similar results to Illumina sequencing at discerning differences in communities at a coarse level.
The Craibstone Experimental Farm pH plots were selected for this study because individual soil plots possess similar physical and chemical characteristics, which enabled the effects of pH to be considered independently from other soil physicochemical properties (Table 1) . Building on past Craibstone soil plot observations that soil pH influences the distribution of ammonia-oxidizing archaea (Nicol et al., 2008; Lehtovirta et al., 2009) , we hypothesized that soil pH would associate with bacterial diversity and community composition and that large sequence data sets would reveal both abundant and rare taxa that correlate with pH. Prior to the advent of nextgeneration sequencing, Fierer & Jackson (2006) used terminal restriction length polymorphism of North American soil samples to identify the link between soil pH and bacterial diversity, with a diversity maximum at neutral pH. Other factors such as annual temperature, potential evapotranspiration, and latitude were found to be poor overall predictors of microbial diversity. Although several subsequent studies have extended these initial findings (e.g. Jones et al., 2009; Lauber et al., 2009; Chu et al., 2010) , only one other study of soil pH has investigated the effect of soil pH using experimental plots (Rousk et al., 2010) . Because soil pH is the primary factor influencing soil bacterial diversity and composition, multiple studies from varied soil sample collections and study sites are important for reinforcing findings associated with individual studies. Here, we used the only published Illumina 16S rRNA gene sequencing approach coupled with paired-end read assembly (Bartram et al., 2011) to generate high numbers of reads per sample (a range of 146 087-889 584 sequences per sample), two to three orders of magnitude more data than all past soil pH studies combined. Rousk et al. (2010) and Lauber et al.
(2009) used either 600 rarefied sequences or an average of 1501 sequences per sample, respectively. This current increase in sequencing depth (Good's coverage > 0.98 for all samples; Table 1 ) was useful for identifying even lowabundance OTUs associated with pH.
We used NMF as a representation method for portraying high-dimensional data as a small number of Linking soil pH and bacterial community composition taxonomic components. The observed OTU distribution of a sample is represented approximately by a weighted sum of component abundance distributions. Like principal component analysis (PCA), NMF decomposes an input matrix into components, with the goal of making a low-dimensional approximation. Unlike PCA, NMF is an approximate decomposition, but it has the advantage that both the components and their contributions are nonnegative (positive, or zero). Also unlike PCA, the NMF decomposition is dependent on the number of components used (the rank). Mathematically, if we have p OTUs and s samples, then the size of the profile matrix X is p 9 s. NMF finds matrices W and H (with dimension p 9 k and k 9 s, respectively, where k is the rank of our factorization), such that WH = X. We search for the approximations that minimize the Kullback-Leibler (KL) divergence between X and WH (Jiang et al., 2012b) . Because NMF is a mathematical analysis method for representing high-dimensional data as positive linear combinations of positive components (Jiang et al., 2012a, b) , NMF was ideally suited for this study due to its ability to resolve patterns in large 16S rRNA gene sequence data sets, informed by a concordance model. The majority of the OTUs we identified within NMF clusters were low-abundance sequences, occurring c. 10 times, illustrated by small circles that were frequently unconnected to the RDP reference taxonomic backbone using SSUnique analysis ( Fig. 4 ; Lynch et al., 2012) . NMF clusters containing fewer than 30 sequences ranged from 9% to 15% of all OTUs identified within each cluster (Fig. 4) . Importantly, these represent OTUs that would not have been detected by smaller data sets used commonly for beta-diversity analyses in microbial ecology.
The assembled paired-end Illumina data confirmed previous observations that bacterial diversity is lowest in acidic soil samples and soil diversity reached a maximum at c. pH 7.5 (Table 1) . These pH-specific results were consistent for both 2006 and 2007. Despite this interannual consistency, the weighted UNIFRAC PCoA Scotland plots (Fig. S3 ) revealed more separation between duplicate pH soil samples based on year, compared with unweighted UNIFRAC plots (Fig. 2) . This indicates that although pH had a strong effect on the presence/absence of OTUs (unweighted UNIFRAC) for both 2006 and 2007 samples, the relative abundance of those OTUs varied somewhat from year to year (weighted UNIFRAC) in addition to pH-based sample separation. This is likely due to approximately the same species either being present or absent in the corresponding pH plot regardless of year, and with the numbers of each being more variable on a yearly basis (explaining the much larger x-axis variability of 63%). This is evidence that despite best efforts to keep all other parameters consistent save pH, there were other temporal, chemical, and/or physical influences involved in governing microbial community composition.
Acidobacteria are found in many environments and possess diverse metabolic functions, with certain subgroups being related to specific soil conditions such as temperature, carbon content, and pH (Rawat et al., 2012) . Despite their numerical importance, little is known regarding this group's distribution, function, and overall contribution to soil ecosystems. The NMF analysis (Fig. 3) demonstrated that phyla such as the Acidobacteria are represented by taxonomic groups that are associated with high, medium, or low pH, suggesting that specific acidobacterial subgroups are adapted to distinct pH conditions. For example, OTUs affiliated with Acidobacteria subgroups 1, 2, 3 were more abundant at a lower pH, and those affiliated with subgroups 4, 16, and 6 were more abundant at neutral pH (Table S1 ). These trends in relative abundance were very similar to those found in previous studies (Jones et al., 2009; Rousk et al., 2010) , with subgroup 1 associated primarily with acidic soil samples (Jones et al., 2009; Rawat et al., 2012) . Additional acidobacterial subgroups identified within the NMF rank 3 decomposition were only present in low relative abundance in the total Illumina sequence library. For example, subgroups that become much more pronounced in the NMF data are subgroup 13 (associated with the low-pH NMF cluster) and subgroup 17 (associated with the high-pH NMF cluster). Additional acidobacterial subgroups associated with pH reinforce the ability of NMF and large data sets to recover low-abundance OTUs with abundances that shift with soil pH. Although Acidobacteria subgroups 7 and 16 were observed previously to increase with increasing pH (Jones et al., 2009) , our NMF analysis identified these groups as being most important in the rank-3 (medium pH) NMF cluster. The UNIFRACbased PCoA plots (Fig. S3 ) also showed OTUs of Acidobacteria groups 7 and 16 occupying a central location of the biplot. A possible explanation for this is that organisms within acidobacterial subgroups 7 and 16 may actually be best adapted to a below-neutral soil pH environment (e.g. pH 5.5-6.5). Other low-pH-associated groups identified by NMF were Dyella and Rhodanobacter (within the Gammaproteobacteria), with similar organisms observed in low-pH environments previously (Lu et al., 2010; Green et al., 2012) .
The medium-pH rank-3 NMF cluster contained fewer OTUs and sequences than the high-and low-pH clusters (Figs 3 and 4) . Taxa specific to this cluster include Anaerolineae, which is a class within the Chloroflexi phylum, and had been observed before in clay loam acidic soils (Russo et al., 2012) . Other groups, such as Verrucomicrobia, represented a higher proportion in the NMF rank-3 medium-pH cluster as well, although this group exhibits higher diversity in the high-pH NMF cluster. Sequences classifying to the genus Lysobacter (within Gammaproteobacteria) were also identified in the medium-and highpH NMF clusters, but not within the low-pH cluster. Previously, the abundance of this genus was shown to correlate positively with pH (Postma et al., 2011) .
Our primary observation that soil pH governs soil bacterial diversity and composition was supported by both Illumina sequence data (Fig. 2) and DGGE fingerprint analysis (Fig. 1, Fig. S2 ). Although bacterial fingerprints were used previously to identify a strong link between bacterial diversity and pH (Fierer & Jackson, 2006) , here we used group-specific primers (M€ uhling et al., 2008) to focus on subsets of the bacterial community, which reduces the overall number of template targets and, theoretically, reduces fingerprint complexity. Overall, clustering of DGGE data using group-specific primers paralleled the Illumina sequence data, with fingerprints revealing shifts in certain groups from high-to low-pH soils. For example, fingerprints generated with Acidobacteria primers show a clear shift across pH plots (Fig. 1) . On the other hand, Firmicutes patterns did not change as considerably as other groups across the pH gradient, a trend consistent with that observed in other studies . Lauber et al. (2009) also reported clear shifts in bacterial phylum-level representation, with Actinobacteria and Bacteroidetes relative abundance increasing with pH and acidobacterial relative abundance decreasing with increasing pH. This is in contrast to our findings, where shifts relating to pH are only seen within phyla, and not when relative abundance at the phylum level was examined.
In summary, this research generated comprehensive 16S rRNA gene baseline data, demonstrating the influence of pH on soil microbial community composition. Without a clear link between phylogeny and the functional role of organisms over the pH gradient, expanding sequencing effort from the 16S rRNA gene to metagenomic approaches would help identify functional adaptations of soil communities to varying pH. Nonetheless, an important observation of this 16S rRNA gene based research was that many pH-associated OTUs were of low relative abundance and poorly connected to established taxonomies. Another important future goal will be the design of primers specific to rare sequences correlated with individual pH-associated clusters (e.g. Lynch et al., 2012) , with the purpose of obtaining longer sequences to learn more about the phylogenetic associations of these poorly characterized soil bacteria.
Supporting Information
Additional Supporting Information may be found in the online version of this article: Fig. S1 . Single-year 16S rRNA gene DGGE profiles of triplicate soil samples across the pH gradients using group-specific and general bacterial primers for (a) Acidobacteria, (b) Verrucomicrobia, (c) Alphaproteobacteria, and (d) Bacteria. Fig. S5 . Normalized relative abundance of three NMF components at rank 3 for each soil sample, demonstrating the strong affiliation of rank 3 components and pH. Table S1 . NMF-based representative OTU counts and sequence representation for each of the three components for the rank 3 decomposition, provided the OTUs within a group classified to either the order (for Acidobacteria) or genus levels.
